Abstract-A highly automated method for the segmentation of airways in the serial block-face cryomicrotome images of rat lungs is presented. First, a point inside of the trachea is manually specified. Then, a set of candidate airway centerline points is automatically identified. By utilizing a novel path extraction method, a centerline path between the root of the airway tree and each point in the set of candidate centerline points is obtained. Local disturbances are robustly handled by a novel path extraction approach, which avoids the shortcut problem of standard minimum cost path algorithms. The union of all centerline paths is utilized to generate an initial airway tree structure, and a pruning algorithm is applied to automatically remove erroneous subtrees or branches. Finally, a surface segmentation method is used to obtain the airway lumen. The method was validated on five image volumes of Sprague-Dawley rats. Based on an expert-generated independent standard, an assessment of airway identification and lumen segmentation performance was conducted. The average of airway detection sensitivity was 87.4% with a 95% confidence interval (CI) of (84.9, 88.6)%. A plot of sensitivity as a function of airway radius is provided. The combined estimate of airway detection specificity was 100% with a 95% CI of (99.4, 100)%. The average number and diameter of terminal airway branches was 1179 and 159 μm, respectively. Segmentation results include airways up to 31 generations. The regression intercept and slope of airway radius measurements derived from final segmentations were estimated to be 7.22 μm and 1.005, respectively. The developed approach enables the quantitative studies of physiology and lung diseases in rats, requiring detailed geometric airway models.
I. INTRODUCTION
M ICE and rats are the primary laboratory animal models used to study exposure to cigarette smoke, air pollution, and airborne chemicals. Computer modeling of these exposures require detailed and anatomically correct geometries of the airway trees in these animals [1] . Traditional approaches using corrosion casting and hand measurements are time consuming and too tedious to measure every airway segment. Modern imaging methods using micro-CT scanning and magnetic resonance imaging (MRI) in living animals provide digital information but at a lower spatial resolution. Most recently, investigators have combined corrosion methods with micro-CT scanning to obtain high-resolution geometries.
In this study, we utilize a serial block-face imaging cryomicrotome to acquire the digital images of rat lungs, because of its high-resolution capabilities in combination with the option to measure regional deposition of fluorescent aerosols and/or microspheres. Consequently, this imaging method enables us to obtain function and structure from the same animal [2] , [3] . For example, to measure regional ventilation and perfusion, fluorescent aerosols are administered and microspheres are injected intravenously in vivo. The regional distribution of the fluorescent ventilation and perfusion markers can then be measured postmortem in the serial block-face cryomicrotome (multi-spectral) images. This information is not available from casting methods as they are not able to measure regional fluorescence. For this imaging modality, we present a new highly automated airway tree segmentation method for rats that enables extracting many generations of the airways.
Our method is based on a new approach for the extraction of centerline-based representations of airway trees. Initially, starting from a root point inside the trachea, the whole image is explored in an exhaustive manner, searching for airway candidates and calculating a centerline path from the root of the airway tree to each candidate. In a subsequent step, suitable centerline paths of the airway tree are identified and all other paths are discarded. Because the image domain is explored exhaustively, the method is quite robust against local disturbances in the image data. For this approach, we present a novel path finding algorithm for extraction of centerline paths that addresses the problem of erroneous shortcut paths, as they would occur with standard minimum cost path algorithms. The method is evaluated on five serial block-face cryomicrotome image datasets of Sprague-Dawley rat lungs. The presented approach can be adapted to other applications like human airway segmentation in multidetector CT data.
II. RAT LUNG IMAGING
The details of the imaging device and protocol are provided in the following sections.
A. Experimental Protocol
The University of Washington Animal Care Committee approved the experimental protocol. Five male Sprague-Dawley rats weighing between 244 and 276 g were anesthetized by intraperitoneal injection of 80 mg/kg ketamine and 10 mg/kg xylazine, sufficient to prevent the withdrawal of paw after pinch. A tracheostomy was performed, and an internal jugular vein was cannulated. The animals were mechanically ventilated at a rate of 50 breaths/min with a tidal volume of approximately 3 mL, using a piston pump ventilator. The rats were then deeply anesthetized with an intraperitoneal injection of ketamine/xylazine; their chests widely opened, and exsanguinated. The pulmonary artery was cannulated; the main aorta tied off, and blood was injected to fill the vasculature (1.3 ± 0.5 mL). The lungs were removed from the chest, filled via the trachea with optimal cutting temperature media (OCT, Sakura Finetek, Inc., Torrance, CA) until they appeared inflated to total lung capacity (10.5 ± 0.7 mL) and then frozen. The frozen lung was surrounded by a mixture of 99.25% OCT and 0.75% India ink and returned to the freezer. The ink was used to create a contrast between the lung parenchyma and the surrounding OCT.
B. Serial Block-Face Cryomicrotome Imaging
The serial block-face imaging cryomicrotome (Barlow Scientific, Inc., Olympia, WA, USA) is a computer driven instrument that acquires multispectral digital images of en face tissue blocks that are serially sliced. It enables the 3-D imaging of fluorescence and fluorescent microspheres at a microscopic level. The instrument has previously been described in detail [2] , but has been upgraded recently. The instrument comprises a cryostatic microtome, a Redlake MegaPlus II ES3200 camera (San Diego, CA, USA) with a resolution of 2184 × 1472 pixels, a MicroNikkor 200 mm f/4D IF-ED lens (Nikon Corp, Tokyo, Japan), a metal halide lamp (PE300BF Cermax, Excelitas Technologies, Fremont, CA, USA), a set of excitation/emission filters that allow the isolation of specific spectral channels, and a computer controlling the device and storing images. The microtome serially sections thin slices of a frozen tissue block of up to 54 × 36 mm in size along the x-and y-direction. Following every cut, the images of the tissue block are captured with different pairings of excitation/emission filters. Note that the tissue slices themselves are not utilized and are discarded. The sequence of 2-D images results in a 3-D image with potentially several spectral channels for each voxel.
C. Imaging Protocol
The lung blocks were mounted in the serial block-face imaging cryomicrotome and imaged at a spatial resolution of 25 × 25 × 25 μm with different excitation/emission filter settings. We refer to each of these filter pairs and resulting image stacks as channels. In this study, only two channels were utilized for segmenting airways: 1) an outline channel (OL) that is excited with a broad spectrum white light and read with an emission filter of 450 nm and 2) an autofluorescent (FL) pairing (excitation = 485 nm, emission = 530 nm) to highlight the airways. If needed, other channels can be acquired to image deposited aerosolized microspheres and/or microspheres administered to the pulmonary capillaries. The resulting datasets have a typical size of 2184 × 1472 × 1800 voxels per channel. The examples of 2-D cross-sectional images and maximum intensity projections (MIPs) of image volumes are depicted in Fig. 1 .
Airways and vascular structures can be identified in both spectral channels (Fig. 1) . The lumen is brighter than the background in the OL channel, while the airway lumen is almost indistinguishable from the parenchyma in the FL channel. However, small airways can only be identified in the FL channel based on their bright airway wall. Also, blood vessels-in particular larger arteries-show a wall similar to the airways in the FL channel. The lumen of vessels is dark in both spectral channels, but smaller vessels can be identified better in the OL channel.
The serial block-face cryomicrotome provides highresolution images. However, image data can have artifacts or disturbances that are related to imaging and/or animal preparation. For example, single slices or a few consecutive slices in the images may be over-or underexposed, bright structures have a halo in the transverse direction of the datasets, the lung parenchyma, or other structures may appear inhomogeneous, sometimes (parts of) tissue slices can get stuck on the face of the tissue block, etc. Some of these disturbances are depicted in Fig. 2 . In addition, there can be other tissues with similar grayvalues attached to the airway wall [e.g., heart tissue in Fig. 1(a) and (c)]. These issues make the segmentation of airways in serial block-face cryomicrotome images a nontrivial task.
III. AIRWAY TREE SEGMENTATION
Our method for segmenting airway trees from fluorescent serial block-face cryomicrotome images utilizes a multiscale airway medialness function in combination with a novel path extraction method to obtain a centerline-based representation of airway tree structure. The main processing steps of the algorithm are as follows. First, a root point of the airway tree is manually specified. Then, a set of candidate airway centerline points is automatically identified. By utilizing our novel path extraction method, a path between the root of the airway tree and each point in the set of candidate centerline points is obtained. Local disturbances (Section II-C) that might be present in the dataset are robustly handled by the path extraction approach. The union of all these paths is utilized to generate the initial airway tree structure. A pruning algorithm is applied to automatically remove erroneous subtrees or branches resulting from false candidate centerline points. Finally, after extraction of the airways structural information (centerline plus radius information), an optimal surface segmentation (OSS) method is applied to obtain accurate segmentations of the airway lumen.
To cope with the large size of the image datasets, the medialness calculation and airway centerline extraction are applied in a multiscale fashion. First, the volumetric image datasets are downsampled by a factor of 4 in each direction and large-scale airway structures are extracted starting from a single root point inside of the trachea. Second, the initial datasets are downsampled by a factor of 2 in each direction and smaller airways are extracted utilizing the large-scale airways centerline points as start points. In addition, all "small-scale" analysis steps are only performed inside a given rough lung mask, which speeds up processing. This mask also excludes larger airway structures such as the trachea and parts of the main bronchi, which have been already identified in the first processing step. Third, the segmentation of the airway lumen is performed in the full resolution dataset. The details of our approach are presented below.
A. Medialness Calculation
In a first processing step, airways in the volumetric image dataset are enhanced and an airway-medialness value is derived for each voxel of the image, which can be transformed into a cost image for the subsequent path extraction algorithm (Section III-B).
For airway enhancement, several scale-space-based tubelikeliness measures (medialness functions) have been proposed in the literature like Frangi's "vessel" enhancement filter [4] , which is based on an analysis of the eigenvalues of the Hessian matrix H σ (x). Let I be the input image, G σ be a Gaussian function at scale σ, then H σ (x) = σ 2 ∇ 2 (G σ I(x)) represents the scale-space normalized second-order derivative (Hessian matrix) at a location x. Based on the eigenvalues |e 1 | ≤ |e 2 | ≤ |e 3 | of the Hessian matrix, Frangi's vesselness measure F σ (x) [4] is calculated as:
with R A = |λ 2 |/|λ 3 | to distinguish between plate-like and linelike structures, R B = |λ 1 |/ |λ 2 λ 3 | indicating blob-like structures and S = λ 2 1 + λ 2 2 + λ 2 3 to suppress random noise effects. The parameters α, β, and c allow weighting of the components R A , R B , and S, respectively. To account for the different sizes of the structures, the measure is calculated at different scales and the maximum response across all scales is utilized as the final result. Fig. 3 (b) and (d) shows the result of applying Frangi's "vessel" enhancement filter to the OL and FL channels of the serial block-face cryomicrotome rat lung images, respectively. In the OL channel, airways appear enhanced as desired, and other structures are suppressed. However, smaller airways are not 
1) Preprocessing:
To address the aforementioned outlined issue, we have developed a preprocessing method that transforms the original airways into a more homogeneous structure, which makes them suitable for analysis with scale-space-based medialness functions.
The preprocessing approach consists of two steps. First, airway walls in the FL channel are enhanced by utilizing a multiscale feature enhancement filter. Based on the notation of Frangi, we define a sheetness measure
to suppresses non-plate like structures. All parameters were adjusted to the size and typical contrast of the airway walls in the datasets: α = 0.5, β = 0.5, and c = 10 000. The final result is calculated by
with Σ S = {25, 50, 75} μm. Second, the hollow airway structures are transformed into solid structures that are brighter than the surrounding area (tissue). For this purpose, a morphological grayscale hole filling operation [5] is applied to all 2-D coronal, sagittal, and axial image slices of the enhanced volume. The results of this operation are combined using a voxel-wise maximum operator.
In the FL image channel, larger vessels can also have a bright wall, similar to the airway wall. To reduce the influence of vessels on the airway segmentation, they are roughly segmented and subsequently suppressed. First, a rough vessel mask is obtained by thresholding values smaller than 400 gray-values in the OL channel. Subsequently, a morphological dilation with a sphere of 100 μm radius is applied. Second, for all vessel voxel locations, corresponding voxels in the preprocessed volume are set to a value of zero. An example of a preprocessing result is shown in Fig. 3(e) . The preprocessed FL volume is utilized to calculate an airway medialness response.
2) Airway Medialness Function: For the purpose of extracting a path at the center of airways, higher medialness values closer to the center are desirable. However, Frangi's measure was intended for enhancement of the whole tubular structures. Thus, it will generate high responses close to the surface of tubular structures where large gradient values can be observed. To achieve the desired response, we introduce a medialness function A σ (x) that combines Frangi's measure (1) with an additional term that suppresses responses in areas with high gradients:
where B σ (x) = σ∇ G σ I(x) is the scale-space normalized gradient, and δ is a parameter for suppression of gradients. The scale for suppression of gradients should be slightly larger than the scale for the calculation of Frangi's measure. The relation between the two scales is adjusted by a scalar factor η. The scale dependent medialness function A σ (x) is calculated on several scales and combined into a single multiscale response
Note that the scale of the maximum response also provides a size-estimate of the airway which is utilized in further processing steps.
As outlined in the introduction, the airway-medialness is calculated separately for large-and small-scale airway structures. All parameters of our airway medialness are fixed and were previously determined on a test dataset. For the extraction of largescale airway structures, the set of parameters utilized was Σ A = {400, 600, 800, 1000, 1200} μm, α = 0.25, β = 0.5, γ = 10, δ = 5, and η = 1.5. For detecting small-scale airway structures, the following parameters were utilized: Σ A = {200, 300, 400, 500} μm, α = 0.25, β = 0.5, γ = 50, δ = 25, and η = 1.5. The merging of results of the large-scale and small-scale airway medialness calculation is handled during the airway tree structure extraction step (Section III-B4).
An example of the airway-medialness response after combining large-scale and small-scale results on a preprocessed volume is depicted in Fig. 3(f) . The outlined approach suppresses unrelated structures and enables the segmentation of small airways with low contrast. In addition, the method is well suited for subsequent processing with path extraction algorithms due to a higher response closer to the center of airways.
B. Airway Tree Structure Identification
From the airway-medialness data, a centerline-based representation of the airway tree is generated. Therefore, the potential centerline points of airways are identified, and for each candidate, a path to a manually identified root point inside the trachea is calculated. The union of all these pathways forms the initial airway centerline structure, which might contain some false branches due to initially incorrectly identified airway centerline candidate points. Thus, in a subsequent step, these false branches are removed by means of an automated pruning algorithm, resulting in the final airway tree structure.
1) Finding Candidate Airway Centerline Points:
In the airway-medialness volume, airways form height ridges. Thus, a set of candidate centerline points can be obtained by finding ridge points in the airway-medialness image above a given threshold t c . Ridge points are defined as local maxima in the plane normal to the airway's estimated tangential direction [6] .
2) Initial Tree Structure Generation: To obtain a path from the root of the airway tree to a candidate centerline point, we have developed a novel path calculation technique (Algorithms 1 and 2) that utilizes a cost volume C(x) = 1/( + A(x)) 2 derived from the previously calculated airway-medialness response A(x) (Section III-A2), where is set to a small positive value of 0.001 to avoid a division by zero. Starting from a given root point/voxel, a path to each voxel of the volume is generated in an iterative fashion by the path calculation algorithm (Algorithm 1). Voxels with no path to the root that are neighboring to voxels with path information are considered. The order in which voxels are linked to existing paths is determined by a cost function that is based on the costs of the last few centerline points (voxels) along the path within a path length of l max (Algorithm 2).
This procedure may seem similar to Dijkstra's minimum cost path algorithm [7] or other minimum cost path algorithms (e.g., [8] ), but the main difference is how the costs for the path expansion are calculated. Conventional algorithms (e.g., Dijkstra) accumulate the costs along the whole path from the root point. In contrast, the proposed algorithm accumulates path costs only along the last few centerline points of the path within a path length of l max (Algorithm 2). Thus, within a path length of l max , the algorithm shows a similar behavior as minimum cost path algorithms, but it allows us to overcome the problem of shortcuts [ Fig. 4(b) ], i.e., minimum cost path algorithms may shortcut through a region of high costs to avoid a longer correct path with several smaller disturbances (high costs) along the path (Fig. 4) . Consequently, our algorithm handles smaller disturbances (e.g., gaps) in the medialness function without the problem of potentially occurring shortcuts [ Fig. 4(c) ]. Extracting the paths for all airway candidate points results in a fullyconnected loop-free tree structure [ Fig. 5(a) ].
Note that Algorithm 1 calculates a path to every voxel of the volume. Thus, once it has been applied, a path from the root point to any point in the volume can be obtained computationally efficiently by means of reverse iteration of the "predecessor" points on the path (Algorithm 1).
3) Tree Pruning: In the generated airway tree structure (Section III-B2), incorrect centerline parts may be included due to incorrectly identified airway centerline candidates (Section III-B1), as depicted in the example in Fig. 5(a) . To deal with this issue, an automated pruning algorithm is applied. Our pruning strategy is based on the observation that incorrectly identified airway centerline candidates are typically connected to the correct part of the airway tree by a quite long path through high cost areas [blue arrows in Fig. 5(a) ]. Thus, we define a benefit-to-cost measure for an arbitrary subtree as the number of all centerline points in the subtree that are ridge points above the threshold t c minus the number of all other centerline path points in the subtree. Using this measure, the final airway tree structure is determined using the global graph-partitioning algorithm [9] , which prunes all subtrees with a negative benefitto-cost measure in a bottom-up fashion. Fig. 5(b) illustrates the result of the pruning step on the phantom dataset.
4) Two-Scale Airway Tree Reconstruction:
The aforementioned outlined airway tree structure extraction approach is applied twice on different scales to deal with the large size of the volume data. First, starting from a single root point placed inside the trachea, large-scale airway structures are extracted using t c = 0.15 and l max = 500 μm. Second, the centerline points of the initially extracted large-scale airway structure are considered as start points for the extraction of small-scale airway structures (t c = 0.05 and l max = 500 μm). All parameters of our algorithm were set to fixed values, which were determined on a test dataset.
For both scales, the set of candidate airway centerline points (Section III-B1) is restricted to ridge points inside the given lung mask. In addition, for the extraction of small-scale airways, airway candidate points inside of the previously extracted largescale airway tree are excluded, to avoid duplicate extraction of centerlines at different scales. An example of results on the two scales is depicted in Fig. 6 .
C. Airway Lumen Segmentation
To obtain a segmentation of the airway lumen, an OSS approach is utilized [10] . By using the OSS framework, a segmentation problem is transformed into a graph-optimization problem, which enables obtaining a globally optimal solution based on the underlying cost-function. For this purpose, an initial mesh-based segmentation is required, which is generated as follows. Utilizing the centerline and radius information, a distance map representing the signed distance to the estimated airway wall is calculated by means of a fast marching method [8] . The initial surface is obtained as the zero level set in this distance map using a marching cubes algorithm [11] . In addition, a binary segmentation is generated based on thresholding with a value of zero [ Fig. 7(c) ]. Based on the generated mesh, search profiles with equidistant graph nodes are constructed [ Fig. 7(a) ] for each mesh vertex by utilizing a gradient vector flow (GVF)-based approach [12] to avoid mesh folding artifacts. The gradients in the binary segmentation are calculated and the GVF [13] is applied to achieve an anisotropic diffusion of the gradient information. The search profiles are constructed by following the vectors in the GVF field for a range of ±500 μm. Close to the medial structures, the GVF field magnitude vanishes. Thus, the search profile construction is terminated early if the magnitude of the GVF vector falls below a threshold of 0.025 to avoid artifacts that might occur otherwise at the medial axis of the airways. An example of the constructed search profiles at a bifurcation is shown in Fig. 7(a) . Note that the search profiles do not interfere (i.e., cross). Equidistantly placed nodes on profiles that are 25 μm apart represent possible locations of the luminal airway surface. All nodes are assigned costs derived from image properties. In addition, neighboring search profiles are coupled to guarantee a smooth segmentation result [10] .
OSS enables segmenting multiple (layered) surfaces of an object with two coupled graph structures [10] . In our case, we are primarily interested in segmenting the airway lumen. However, we utilize a dual-surface segmentation approach of lumen and outer airway wall, because it facilitates the robust segmentation of the airway lumen, especially in low contrast situations or in proximity to pulmonary vessels. OSS costs for lumen and outer wall are The parameters for the minimal and maximal distance between the inner and outer airway wall surface were determined on a test dataset and set to 100 μm and 200 μm, respectively. The maximum allowed difference between neighboring final surface nodes (smoothness constraint) was one node. Examples of the resulting inner (luminal) and outer airway wall segmentations are shown in Fig. 7(b) and (d) .
The output of the presented airway tree segmentation method is a mesh representing the luminal airway wall (Fig. 9) . In addition, a structural description of the airway tree is generated, describing the parent-child relationships between airway segments. For further analysis, the mesh and structural informations are stored in data formats supported by the Insight Segmentation and Registration Toolkit (ITK). 1 
IV. EVALUATION METHODOLOGY
Our method is assessed on five rat lung datasets (the imaging protocol is described in Section II), which have not been utilized for method development or parameter selection. First, the sensitivity and specificity of the airway structure identification step is determined and, in addition, all airway trees are manually inspected for errors. Second, the airway lumen segmentation accuracy is analyzed. For all experiments, the parameters provided in Section III were utilized, which were experimentally determined on a test dataset consisting of lung image volumes of three rats.
A. Independent Reference Standard

1) Airway Structure:
For each of the five rats, two sets of random sample points (S 1 and S 2 ) inside of the lung were generated, which were utilized by an expert to produce an independent standard for airway structure evaluation. First, the expert navigated to each random sample point in S 1 and marked the nearest airway in the image dataset by drawing a contour of the lumen in a cross-sectional plane using 3D Slicer, 2 a software package for medical image visualization and computing. Second, the expert navigated to each random sample point in S 2 and decided if it is a true background location (no visible airways at sample point). All random points inside of airways were discarded from the set of background samples S 2 .
With the aforementioned outlined procedure, true airway and background locations were identified, respectively. From the contours of the airway samples, radius estimates were derived. Table I summarizes the number of random samples in sets S 1 and S 2 , per imaged rat, and Fig. 8 shows a histogram of the airway radii. Note that identifying true background (nonairway) locations is more time-consuming than finding the airway nearest to a random location. Thus, fewer background samples were produced by the expert. However, for Rat 3, significantly more background points were investigated to assess the impact on specificity and its 95% confidence interval (CI) estimate. 2) Airway Lumen: From all expert identified airway reference locations (branches), a stratified random selection was performed. For stratification, three airway size categories (<100 μm, ≥100 μm & ≤250 μm, and >250 μm) were utilized, and a random selection of 20 samples per category and rat was performed. Note in some cases, less than 20 samples were available. For each sampled airway branch that was also present in the segmentation result generated by the algorithm (true positive branch), a 2-D cross-sectional image perpendicular to the flow direction of the branch was derived from the FL channel volume. An expert traced the inner airway wall in the selected slices using 3-D Slicer, which will be denoted as reference segmentation. If the cross-sectional image showed a bifurcation, the expert excluded this sample from further analysis. In addition, for the selected cross sections, a radius calculation based on the luminal area was performed based on the expert tracing as well as the segmentation result produced by the algorithm.
B. Error Measures and Statistical Analysis
Based on the independent reference standard and the segmentation result, sensitivity and specificity of airway structure identification were calculated. Sensitivity is defined as the probability that the segmentation includes an expert-identified airway point. Specificity is the probability that points identified as being background are not in the segmentations. Logistic regression was used to model sensitivity as a continuous function of airway radius. Estimates were obtained with the method of generalized estimating equations [14] , in order to account for repeated measurements within each of the five animals. Exact binomial confidence intervals were calculated for rat-specific estimates of specificity. Furthermore, all airway tree structures were manually inspected, and the number of incorrectly identified airway subtrees/segments are reported.
To assess airway lumen segmentation performance, the signed and unsigned surface distance errors were calculated. The signed and unsigned surface distance error between the border of the segmentation C and the contour of the expert tracing C are defined as The whiskers of the boxplots extend to the most extreme data points not considered to be outliers, and the outliers are plotted individually.
Linear regression was used to regress airway radii on segmented airway radii, which were derived based on crosssectional area measurements.
V. RESULTS
The results of the sensitivity analysis as a function of expert defined airway radii are given in Fig. 10 . Selected airway radii sensitivity and corresponding 95% CIs are provided in Table III . The average sensitivity was 87.4% with a 95% CI of (84.9, 88.6)%. Specificity and corresponding 95% CIs for the five test cases are given in Table IV . The combined estimate for specificity was 100% with a CI of (99.4, 100)%.
The manual assessment of the correctness of segmented airways showed that the mean and standard deviation of the number of incorrect subtrees was 9.4 ± 3.6 (min. 5; max. 13) with 20.8 ± 12.9 (min. 7; max. 39) incorrect airway segments. Segmentation results for all five datasets are depicted in Fig. 9 , which also shows incorrect branches. After removing incorrect branches from the segmentations, the mean and standard deviation of the number of terminal branches was 1179 ± 167, and the diameter of terminal branches was 159 ± 57 μm. Additional indices that summarize the complexity of segmented airway trees are provided in Table II . Fig. 11 shows a scatter plot comparing the radii derived from expert tracings and algorithm segmentation. A summary of the estimated regression line is given in Table V . There was a small amount of statistically significant intercept bias (p < 0.001) and negligible scale differences (p = 0.2038). Furthermore, 99.8% of the variation in airway radii are explained by the segmented airway radii (R 2 = 0.998). The boxplots of the signed and unsigned surface distance error are depicted in Fig. 12 . The mean and standard deviation for signed and unsigned surface distance error are −3.75 ± 12.9 μm and 15.5 ± 15.5 μm, respectively. A comparison between segmentation result and manual expert tracings for airways of two different sizes is provided in Fig. 13 .
Preparing a rat lung and subsequent imaging took approximately 26 h; more than 95% of this time was consumed by the automated imaging. About 1 min per dataset was required to specify the airway root point. The subsequent automated airway segmentation step required about 2.5 h of computing time per dataset on a 12-core workstation with 2.4 GHz processor frequency. The manual inspection of segmentation results to identify incorrect airway segments typically took less than 15 min.
VI. DISCUSSION
The presented method allows extracting airway trees from volumetric serial block-face cryomicrotome image data with high complexity (Fig. 9 and Table II) paired with good sensitivity and specificity (Fig. 10 , Tables III and IV) estimates. Airway lumen radii measurements derived from segmentation results of Fig. 11 . Scatter plot of segmented and independent reference airway radii, along with the estimated regression line fit to the data.
our approach showed high correlation with the manually generated independent reference standard ( Fig. 11 and Table V) .
The manual inspection of segmentation results showed a low number of incorrectly identified airway subtrees/segments (Fig. 9 ) and some local segmentation inaccuracies were observed (Fig. 14) . These problems are typically caused by non-lung tissue that was not properly removed during animal preparation [ Fig. 14(a) ] or occurred at the distal airway locations where the airway wall is quite fuzzy due to poor contrast [ Fig. 14(c) ]. Incorrect airway segments are easily identifiable by the user and require little user interaction to correct; the user identifies the location where the error occurs and the whole airway subtree is removed automatically. Thus, on the five cases investigated, an average of 9.4 "mouse clicks" per dataset would be needed. Alternatively, an additional pruning step could be designed to remove these problems automatically by utilizing structural properties of the segmented airway tree like branching angle or features assessing local surface expansion. So far, the extraction of rat airway trees from high-resolution 3-D image data has been studied only by a few groups, utilizing different approaches for animal/specimen preparation, imaging, and segmentation. Table VI provides an overview and summarizes indices of segmented or analyzed airway tree complexity. To enable a direct comparison, Table II provides the same complexity indices for our approach. The majority of approaches reported are based on airway corrosion casts, which enable high contrast between airways and background (i.e., good signal to noise ratio). Therefore, such approaches (e.g., [15] ) allow segmenting more airway segments compared to our approach. However, the maximum number of detected airway generations is comparable, even to manual analysis [16] . This suggests that approaches based on corrosion casts enable a more consistent detection of smaller airways, which is also reflected by our sensitivity analysis ( Fig. 10 and Table III) , showing lower sensitivity for smaller airways due to lower contrast. Because airway detection performance depends on the whole image processing chain, it is hard to contribute this point to a single factor like utilized animal/specimen preparation, imaging, or segmentation algorithm. The analysis of corrosion casts is not without its own problems and limitations. For example, the high complexity of corrosion casts in combination with limited imaging resolution can cause loops in the segmented airway trees. Consequently, this issue needs to be resolved in a postprocessing step [1] . In addition, a corrosion casting approach does not allow one to derive airway geometry and regional maps of lung function like perfusion or ventilation.
A potential limitation of our imaging approach is that the lungs are removed from the chest and filled with OCT. This may lead to airway geometries that differ from those in vivo.
To allow extraction of centerline paths of vessels in the presence of stenosis or other disturbances, minimum cost path techniques with manually specified start and end points have been utilized (e.g., [21] , [22] ). However, a manual specification of all endpoints of an airway tree is impractical due to the high complexity of the structures. Our approach addresses this issue by automatically identifying candidates for airway end points. Subsequently, the suitable centerlines of the airway tree are identified based on a quality measure of potential subtrees and false candidate end points are discarded. This allows the algorithm to robustly cope with disturbances. The utilized path calculation algorithm also guarantees that the extracted tree structure is fully connected and loop free.
Minimum cost path techniques are commonly utilized for extraction of centerline paths of tubular structures (e.g. [21] , [22] ), but they are prone to shortcuts. To reduce the risk of shortcuts, Lesage et al. utilized a normalization of the cost term [23] . However, such an approach cannot overcome the problems of disturbances in the image data that induce portions of higher costs along the correct centerline path, because the costs of all disturbances along the whole path would still accumulate. Other authors have proposed to apply the minimum cost path calculation only in a small region around a given seed point, analyze the result, and identify new seed points starting from which the algorithm is applied again in a small region [24] - [26] . The methods of this category vary in the strategies utilized for identifying new seed points, which may lead to very different results. Another approach is to consider only the costs at a single location (voxel) for expanding already known paths. Examples for this category are the ordered region growing algorithm [27] or the related fuzzy connectivity [28] algorithm. Such an approach avoids the shortcut problem, but can result in "fairly irregular paths in practice" [29] . Our path calculation algorithm addresses this problem and allows us to cope with smaller disturbances along the path without the problem of shortcuts. In fact, minimal cost path calculation and ordered region growing can be considered as special cases of our algorithm with l max = ∞ and l max = 0, respectively.
Rats are commonly used to study chemical, smoke, and air pollution exposure. Our segmented airway data can be utilized to conduct computational modeling of particulate deposition in the rat lung. The anatomically correct and high-resolution volumes can also be used in computational fluid dynamic models to explore site-specific dosimetry of chemicals and gases.
Airway wall thickness has been used in CT imaging to gauge the severity of disease in asthma and emphysema [30] - [32] . Our approach can be utilized to measure wall thickness of rat airways [ Fig. 7(b) and (d) ], which would allow studying models of asthma, smoke exposure, and emphysema in rats and enable relating treatment interventions to changes in wall thickness. Also, the vascular tree is visible in the serial block-face cryomicrotome images. In the future, we plan investigating the function-structure relationship of the vascular tree and blood flow. In addition, we are planning on studying the matching between the airway and vascular trees that share embryonic signaling in their construction.
VII. CONCLUSION
A method for the segmentation of airway trees in serial blockface cryomicrotome images of rat lungs has been presented. To the best of our knowledge, it is the first highly automated computer-aided approach for this type of segmentation problem. Our method utilizes a new approach for extracting centerlinebased representations of airway trees in serial block-face cryomicrotome data. The algorithm was specifically designed to achieve high robustness to effectively deal with disturbances like imaging artifacts. For this purpose, we have introduced a path calculation algorithm that avoids the shortcut problem of standard minimum cost path algorithms. The method allows producing highly detailed segmentations of rat airways with many generations and does not require much user interaction. Segmentation results enable automated quantification of airway lumen radii, and thus, quantitative studies of physiology and lung diseases in rats, requiring detailed knowledge of airway geometries. The segmentation approach in combination with the ability of the serial block-face imaging cryomicrotome to depict regional deposition of fluorescent aerosols or microspheres opens new avenues of investigation of structure and function in laboratory animal models.
